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Abstract—This paper studies the influence of battery degrada-
tion over the performance of a fuel cell hybrid electric vehicle
(FCHEV). For this purpose, an optimized fuzzy strategy based
on the costs of battery and fuel cell degradations as well as fuel
consumption and battery recharging is employed. Simulations are
done by two driving cycles for three scenarios based on battery
state of health (SOH) and validity of feedback signal. Simulation
results prove that battery aging has a considerable impact on the
total cost of a FCHEV. Moreover, tuning of the EMS parameters
according to the battery SOH decreases the defined cost.
Index Terms—Fuel cell hybrid electric vehicle; Energy man-
agement system; Optimization; Battery degradation; Fuel con-
sumption
I. INTRODUCTION
In recent years, the powertrain electrification of the vehicles
is transforming the potent position of internal combustion
engines in vehicular application [1]. The increasing pressure
on global fossil fuels demand and the change in climate pat-
terns owing to air pollution have provoked the development of
various green vehicles, which are promising and practical so-
lutions for the upcoming environmental crises [2]. Among the
existing solutions, fuel cell hybrid electric vehicles (FCHEVs),
which normally utilize the fuel cell (FC) as the main source
of power and another power source such as electro-chemical
batteries and/or supercapacitors as the secondary one, have
attracted a lot of attentions in academic and industrial domains
[3]. Proton exchange membrane FC (PEMFC) is typically
used in a FCHEV as the main power source due to its
suitable features [4]. However, PEMFCs performs well in low-
dynamic and cannot accumulate any energy. In this regard,
the use of the secondary power source, which is battery in
this manuscript, is essential for absorbing the high dynamic
components of the requested power, helping the FC stack to
meet the requested power, and store the regenerative braking
energy [5]. Lithium-ion battery is the most popular technology
in hybrid-electric and electric vehicles (EVs) due to proper
energy density, low self-discharge rate, and acceptable power
density [6]. The various characteristics of the multiple power
sources in a FCHEV have made the efficient performance,
hydrogen consumption, and the lifetime of the main powertrain
components to a great extent dependent on the design of
an energy management strategy (EMS) [7-9]. The existing
EMSs for FCHEVs fit into two categories of rule based and
optimization based [10]. Some works are also based on the
combination of both categories, which is optimization of rule-
based strategies [11-14]. In [11], Kandi-D et al. designed a
fuzzy logic controller (FLC) combined with genetic algorithm
(GA). Moreover, Boukhnifer et al. proposed an optimal strat-
egy based on Pontryagins Minimum Principle (PMP) to reduce
H2 consumption in [15]. One of the key issues hindering the
development of FCHEVs is the durability of energy sources
where the vehicle might experience inferior performance due
to the degradation [16]. However, the degradation of the
energy sources and their influence on the performance of a
FCHEV tend to be ignored while developing an EMS in the
literature. In [17, 18], the development of an online model
for the FC stack and its integration into the EMS design
has been proposed. Moreover, the importance of designing
health-conscious EMSs has been discussed in [19]. However,
the impact of the battery degradation, as a key element of
the power train system, on the EMS of FCHEVs has not
been already considered in literature, according to the best
knowledge of the authors. Batteries are prone to calendar and
cycling aging, which are normally diagnosed through capacity
fade or the internal resistance increase [20-22]. This aging
phenomenon affects their state of health (SOH). As a result,
the EMS of the FCHEV may be influenced by the parametric
uncertainty arisen from the battery model variations. This
paper deals with the analysis of the battery cycling aging
impact on the EMS of a FCHEV. In this respect, two optimized
fuzzy logic controllers (FLCs) by means of genetic algorithm
(GA) are devised for a new battery model and an aged battery
model first. Subsequently, the performance of the optimized
FLC of the new battery model is tested for the case that the
battery has got aged while the parameters of the mathematical
model for the battery state of charge (SOC) calculation have
not been updated. Finally, the obtained results from different
scenarios are compared and discussed. The model used for this
purpose is the IEEE VTS Motor Vehicles Challenge 2017 [23].
The rest of this paper is organized as follows. The modeling
of the vehicle is described in section II. Description of energy
management strategy is given in section III. The results are
discussed in section IV, and finally, the conclusion is given in
section V.
II. MODELING
The studied FC/battery vehicle has been introduced in IEEE
VTS Motor Vehicles Challenge 2017 [23]. The propulsion
system is composed of a 15 kW induction machine fed by a
voltage source-inverter through a 80 V - 40 Ah Lithium Iron
Phosphate (LiFePO4) battery pack. The FC is a 16 kW, 40-
60 V, PEMFC system with a maximum current up to 400 A.
The architecture of the modeled electric vehicle is presented
in Fig. 1.
Fig. 1. Fuel cell/battery vehicle architecture [23]
A. Lithium–ion battery
1RC Thevenin model has been employed for the battery
modeling. This model, as illustrated in Fig. 2, Comprises a
resistance (Rs) which represents the internal resistance of the
battery and a parallel resistance-capacitor which represents the
polarization effects. Moreover, u0 is the open circuit voltage.
Equation (1) describes the governing dynamic equation of
the ECN model. Where ibat is the cell current, Rs is the
internal resistance, Rc is the polarization resistance, Cc is the
polarization capacity, and ubat is the cell terminal voltage. The
battery SOC is also calculated by (2) using coulomb counting
method. Where, SOCinit is the initial SOC of the battery,
ibat is the battery current and Qbat is the maximum battery
capacity.
Fig. 2. Battery structural model
ibat =





(u0 −Rsibat − ubat) (1)




ibatdt, 0 < SOCbat < 1
(2)
It is worth mentioning that in the current work, cycling aging
has been taken into account, and the calendar aging has not
been considered.
III. ENERGY MANAGEMENT STRATEGY
The EMS in this work is a rule-based control system through
which power flow of the FC and battery system is managed
such that maximum efficiency is achieved. For this purpose,
a fuzzy control system is employed. Figure 3 illustrates the
schematic diagram for the fuzzy control system, as it is seen
in this figure, the inputs for the controller are the battery SOC
and the total power demand from the vehicle, and the output
of the EMS is the reference FC current.
Fig. 3. Fuzzy structure of the energy management
Furthermore, the performance of the EMS is optimized
using a genetic algorithm similar to [24]. For this purpose,
the EMS system is formulated as an optimization problem
in which the parameters of the fuzzy controller are tuned
based on an objective function. The objective function in
the genetic optimization is an aggregated cost function which
combines the costs of FC degradation, battery degradation,
battery recharge step, and hydrogen consumption.
$global = $△fc + $∆bat + $charge + $H2 (3)
Where$global is the global cost, $△fc is the FC degradation
cost, $∆bat is the battery degradation cost, $charge is the cost
of battery recharge penalty to reach the full charge level,
and $H2 is the fuel consumption cost. The FC degradation
is calculated by:












where k is the sampling time, ∆fc is the FC degradation,
Nswitch is the number of start of the FC, ∆switch is a start
stop degradation coefficient, δ0 and α are load coefficients
and Pfc–nom is the nominal power of the FC in terms of
degradation. Cost of the FC system degradation is obtained
by:
$△fc(k) = ∆fc(k)FCcost (6)
where FCcost = 600 US$, defined by the US Department of





where ṁH2 is hydrogen mass flow and H2cost = 3.5
US$
kgH2
based on the 2020 projection. Cost of the battery degradation
is formulated as:
$∆bat(k) = ∆bat(k)BATcost (8)
Where BATcost = 640 US$(
200US$
kWh
), ∆bat(k) is the














G(ibat) = 1 + 0.45
ibat
ibat−nom
if ibat ≥ 0
G(ibat) = 1 + 0.55
|ibat|
ibat−nom
if ibat < 0
(11)
Where Qbat−max is the entire life battery capacity and
ibat−nom the nominal current related to the battery capacity
Qbat.
IV. SIMULATION STUDY AND RESULTS ANALYSIS
In order to study and compare the impact of the battery
aging on the EMS at various battery conditions, three different
scenarios have been considered. In the first scenario, called
NewOpt, the EMS is optimized for a new battery, which
means the battery model and the SOC calculation are based
on the parameters of a new battery (specially capacitance and
internal resistance). In the second scenario, called OldOpt,
the optimization process of EMS is performed by using a
degraded battery model. The degradation criteria in this case,
according to which the degraded battery model is built, are
20 percent capacity fade and 100 percent increase in the
internal resistance. Moreover, the SOC calculation in this
scenario is based on the reduced capacitance and increased
resistance of the battery owing to degradation. The aim of the
mentioned scenarios is to study the influence of the battery
SOH, which is the real battery capacity and resistance, on
the EMS performance. The third scenario, called OldNoUp,
studies the impact of inaccurate SOC feedback on EMS which
may occur due to unobserved battery aging. In this scenario,
it is assumed that the battery is degraded and the old battery
model is employed for the simulations. However, the SOC
calculation is made by using the parameters of a new battery
to generate false SOC input for the EMS and observe the effect
of not updating the SOC calculation on the EMS performance.
The utilized EMS in OldNoUp scenario is the one optimized
with a new battery model. Two standard driving patterns
including UDDS and WVUINTER driving cycles (Fig. 4) have
been considered in the simulations.
Fig. 4. Driving cycles
Regarding the GA, it is worth mentioning that the number
of generation is 50 and the population size is 100. Some
limitations have been included while defining the objective
function, in the aforementioned formulas. Fig. 5 shows the
inputs and output MFs of the FLC before and after tuning
with GA under UDDS driving cycle. The optimization trend
of the objective function is shown in Fig 6.
Fig. 7 depicts the demanded power from the FC stack for
the aforementioned EMS scenarios. As it is seen in this figure,
the drawn power from the FC stack in NewOpt scenario
Fig. 5. Fuzzy MFs Before and after tuning process, a) Input 1: requested
power, b) Input 2: battery SOC, c) Output 1: demanded current from the FC
Fig. 6. Optimization trend
(PFCNewOpt) is nearly the same as the FC drawn power in
OldNoUp scenario (PFCOldNoUp). This is due to the fact that
both of these scenarios use the same optimized FLC which
results in receiving the same feedback signal for requesting
power from the FC stack if in both scenarios the SOC variation
stays within a specific zone. However, in the OldOpt scenario
where the controller receives the correct SOC feedback, the
FC power differs from the other controllers. Let’s have a look
at the battery SOC in this driving cycle in Fig. 8. According
to this figure, the final battery SOC in OldNoUp scenario
is less than the one in NewOpt scenario though they both
demanded the same amount of power from the FC. This is
actually the effect of false SOC input in the performance of
the EMS in OldNoUp scenario. Regarding the OldOpt EMS
scenario, the SOC drop is recognized in a while and the
battery has started to be replenished according to the control
command. Fig. 9 shows the FC power for the WVUINTER
driving cycle. This driving cycle, in comparison with UDDS,
is more power demanding and seems like a good challenge
for the EMS to demonstrate its performance during a wider
SOC variation. The drawn power from the FC stack has the
same interpretation as the one obtained for the UDDS driving
cycle until the third quarter of the driving cycle where a
considerable difference between the FC power profiles is seen.
This difference is due to the controller performance where
more rules of FLC have been fired by the controller as a
result of the wider SOC variation. As it is seen in figure 10,
the battery SOCs for the OldOpt and NewOpt reach nearly
the same level at the end of the driving cycle implying the FC
endeavors to replenish the battery in these scenarios. However,
in OldNoUp scenario, the final SOC is less than the other two
scenarios owing to the false SOC feedback signal.
Fig. 7. Power supplied by the fuel cell in UDDS
Fig. 8. Battery SOC for different scenarios in UDDS
Fig. 9. Power supplied by the fuel cells in WVUINTER
Fig. 10. Battery SOC for different scenarios in WVUINTER
Fig. 11 compares the cost function of various scenarios with
respect to the driving cycles. The comparison of NewOpt and
OldOpt scenarios indicate that the degradation of battery has
resulted in the increase of cost in both cases. Furthermore,
not updating the SOC calculation while the battery gets
degraded, which is OldNoUpscenario, has increased the total
cost noticeably. In UDDS driving cycle, the total cost of
OldNoUp scenario is 6.5% more than NewOpt and 3.5% more
than OldOpt, and regarding the WVUINTER driving cycle, it
is 10% and 2.5% more than NewOpt and OldOpt scenarios
respectively. It should be noted that the cost functions are
higher at WVUINTER driving cycle than their corresponding
values at the UDDS driving cycle for all scenarios due to the
demanding nature of the WVUINTER driving cycle. These
results prove the necessity of an online EMS which takes the
battery SOH into account.
TABLE I also compares the fuel consumptions for the
both driving cycles at various scenarios. According to the
simulation results, for the OldNoUp scenario in which the
battery is degraded and false input is used for the EMS,
the fuel consumption is more than the other scenarios. These
results also prove the impact of the battery aging on the fuel
consumption even if the controller is optimized for the old
battery.




This paper investigates the impact of battery degradation
on the EMS of a FCHEV. In this regard, a fuzzy controller is
proposed as the EMS. The parameters of the EMS are then
tuned using a genetic algorithm for three scenarios defined for
new and old batteries. The cost function in the optimization
process includes not only the battery and FC degradation
costs, but also the costs of fuel consumption and the battery
recharging. Two different driving cycles have been employed
to evaluate the performance of the EMSs. Simulation results
reveal that the battery aging has a considerable impact on
the fuel consumption and total cost of FCHEV. Moreover,
tuning the EMS according to the battery SOH can result in
the decrease of the total cost.
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